A core challenge in epidemiological analysis of the impact of exposure to air pollution on health is assessment of the individual exposure for subjects at risk. Geographical information systems (GIS)-based pollution mapping, such as kriging, has become one of the main tools for evaluating individual exposure to ambient pollutants. We applied universal Bayesian kriging to estimate the residential exposure to gaseous air pollutants for children living in a high-risk area (MilazzoValle del Mela in Sicily, Italy). Ad hoc air quality monitoring campaigns were carried out: 12 weekly measurements for sulphur dioxide (SO 2 ) and nitrogen dioxide (NO 2 ) were obtained from 21 passive dosimeters located at each school yard of the study area from November 2007 to April 2008. Universal Bayesian kriging was performed to predict individual exposure levels at each residential address for all 6-to 12-years-old children attending primary school at various locations in the study area. Land use, altitude, distance to main roads and population density were included as covariates in the models. A large geographical heterogeneity in air quality was recorded suggesting complex exposure patterns. We obtained a predicted mean level of 25.78 (±10.61) µg/m 3 of NO 2 and 4.10 (±2.71) µg/m 3 of SO 2 at 1,682 children's residential addresses, with a normalised root mean squared error of 28% and 25%, respectively. We conclude that universal Bayesian kriging approach is a useful tool for the assessment of realistic exposure estimates with regard to ambient pollutants at home addresses. Its prediction uncertainty is highly informative and can be used for both designing subsequent campaigns and for improved modelling of epidemiological associations.
Introduction
Assessment of individual exposure for subjects at risk is the core challenge in epidemiological analysis of the impact of exposure to air pollution. In most epidemiological studies, evaluation of this association has relied on sim ple measures, e.g. with regard to exposure to pollution from road traffic: proximity based on questionnaire responses, self-reported traffic density, distance to busy streets, etc. (Venn et al., 2001; Heinrich et al., 2004; McConnell et al., 2006; Brunekreef et al., 2009 ). However, this approach has been strongly criticised. For example, Kuehni et al. (2006) demonstrated that reporting bias could explain some (sometimes even all) association between reported traffic exposure and disease. Likewise, exposure estimates at the spatially aggregated level have been widely used. This approach rests on values from a single stationary monitor or average concentrations of a limited number of monitoring stations within each community (Anderson et al., 2010) . However, this does not capture spatial heterogeneity in exposure to air pollution. Also, it may lead to inaccuracies such as the misclassification bias, which possibly underestimates the effects of air pollution (Thomas et al., 1993; Peng and Bell, 2010) , as they do not account for individual-level exposure (Bell, 2006) .
The most desirable method to estimate exposure would be to measure air pollution levels of each study subject individually. Although this can be performed directly through personal monitoring (Liu et al., 1993; Scapellato et al., 2009) , the feasibility of measuring personal exposure is problematic due to high cost and difficulties related to the necessity for large numbers of people (the study subjects) to carry personal monitors for long periods of time. Geographical information systems (GIS) can be used to minimize the potential problems of assessing exposure at the aggregate level, and this approach allows more precise estimations of exposure to air pollution and exposures for time periods and/or locations for which monitoring data are not available. By providing a means of capturing and linking spatial data within a single geographical structure, GIS improves data integration and consistency. Equally, by providing a means of combining pollution and population data, GIS also provides explicit tools for assessing exposure (Briggs, 2005) . In fact, GISbased pollution mapping has become one of the main tools for exposure assessment of ambient pollutants and, coupled with interpolation techniques, such as inverse distance weighting and kriging as well as land use regression (LUR) modelling, are now often used for the estimation of individual exposure (Briggs, 2005; Hoek et al., 2008) .
Kriging has predictive power for unmeasured locations by estimating the parameters of a model of the spatial surface of concentrations of air pollutants according to observed data. The data are assumed to be generated from a stochastic process, which is split into a trend component and an error component. This trend is constant but unknown in ordinary kriging, whereas universal kriging uses secondary data (predictor variables such as topography or land use variables) to characterise the spatial trend of the dependent variable. Bayesian specifications of the ordinary and universal kriging models are very flexible even if computationally intensive (Banerjee et al., 2006) .
One of the advantages of kriging with respect to other deterministic interpolation techniques (e.g. LUR) is that it provides measures of uncertainty, which come in the form of standard errors of the estimates at unsampled sites (Cressie, 2002) . For example, LUR models are used to predict at unknown locations in two steps. First, estimates of regression coefficients, and related standard errors, for given covariates at known locations are obtained. Second, the estimated regression coefficients, but not their uncertainties, are used to obtain prediction at the unknown location. We thus have uncertainty only at the known location. Kriging, in contrast, uses information on spatial dependence and implicitly provides uncertainty estimation at unknown locations. Even so, the number of published applications using kriging remains remarkably small (Pikhart et al., 1997; Tolbert et al., 2000; Chan et al., 2009; Son et al., 2010; Esplugues et al., 2011) .
In order to describe an accurate and precise pollution surface by kriging, a relatively dense network of measurement sites is required. Such a network of monitoring stations rarely exists and is frequently far from being representative of entire study areas. The monitors of existing networks are seldom regularly distributed and the surfaces interpolated from these sites consequently tend to be strongly biased and almost invariably overly smooth (Briggs, 2005) . Ad hoc monitoring campaigns, permitting an adequate network of air pollution monitoring, would be of high interest as they would produce better predictive surfaces. In the present study, we applied a Bayesian kriging model using data from dosimeters located in a priori selected monitoring sites in the study area with the aim of estimating the residential exposure of children living in an area of high risk for gaseous air pollution (Milazzo-Valle del Mela in Sicily).
Materials and methods

Study area and design
The area of Milazzo-Valle del Mela, located in northern Sicily, Italy (Fig. 1) , has been recognised as a polluted site of national concern. Research in this area is included in the group of studies run under the World Health Organization (WHO) project on high-risk areas of the Sicilian region. The presence of an oil refinery, a petrochemical plant, a large oil-fuelled power plant, small industries and foundries along with the busy seaport of Milazzo and the Palermo-Messina highway puts this relatively small area at particularly high risk for the development of respiratory diseases. In April and May 2007, all 6-to 12-years-old children attending the 21 primary schools of the study area (the municipalities of Condrò, Gualtieri Sicaminò, Milazzo, Pace del Mela, San Filippo del Mela, San Pier Niceto and Santa Lucia del Mela) were enrolled in a cross-sectional survey. This study was carried out with the aim of evaluating the prevalence of respiratory disorders among children population and the association with known risk factors, including air pollution.
Exposure assessments
In the Milazzo-Valle del Mela investigation, ambient air quality was assessed by ad hoc monitoring campaigns. Twenty-one passive dosimeters were located across the study area (one monitor in each schoolyard). Sulphur dioxide (SO 2 ) and nitrogen dioxide (NO 2 ) were continuously measured for 7-day periods every 2 weeks from November 2007 to April 2008. At the end of the campaign period, 12 weekly averages were calculated for each dosimeter and gaseous pollutant. The sampler was in accordance to European standards CEN. The analyses were done by Passam Laboratory for environmental analysis (EN 45001 1996; ISO/IEC 17025 2001) .
Geographical information system
A GIS for the study area was developed using Arc-GIS software, version 9 (ESRI Inc.; Redlands, USA) with data-layers for elevation, slope and aspect of the study area at a 40 m spatial resolution (obtained from a digital elevation model (DEM) sourced at the Cartographic Office of the Regione Campania); land use (Corinne Land Cover); population density (LandScan 2010 Global Population Database) and a road map (TeleAtlas). To better characterise the observed spatial trend of pollutants concentration, some selected covariates were introduced in the model. The selection of covariates was done outside the kriging model through automatic stepwise regression and based on a review of the literature for the considered pollutants. The final set of selected covariates included altitude above the mean sea level (MSL); distance to main roads; population density and land use. The covariates were calculated as the proportion of surface area over a 500 m buffer zone (industrial, urban and suburban land cover). Information regarding all these covariates (the same for both pollutants) was obtained for each residential address and dosimeter location. A sensitivity analysis (data not shown) was conducted using different approaches to covariates selection.
All residential addresses of the study subjects, along with the location of the passive dosimeters at all schools, were geocoded using ArcGIS according to the addresses provided in a questionnaire (i.e. each location was converted into X/Y coordinates using the Universal Transverse Mercator System, zone 33S). To be correctly geocoded, this software requires a database of properly-formed addresses and a reference database of streets or road layout of the study area.
Bayesian kriging model
A universal Bayesian kriging approach was adopted to estimate the ambient pollutant concentration at the residential address of each child. For this purpose, a dosimeter-specific average concentration of NO 2 , and median value for SO 2 was calculated using the 12 7-day measurements obtained during the campaign period. In the latter case, we used the median instead of the mean in order to obtain estimates of background SO 2 levels since the mean values of this pollutant are usually influenced by occasional peaks. In detail, we assumed that Y, the vector of the logarithm of the observed value is distributed as:
where MVN is the multivariate normal likelihood for Y of SO 2 or NO 2 concentrations observed at passive dosimeters locations. We assumed that the mean is dependent of a series of covariates
The a priori distributions for βo and βi are weakly informative. We further assumed a spatial exponential Gaussian parametric form for the elements of the correlation matrix Σ i,j = f(d i,j , κ, φ). This corresponds to assume:
where d ij is the distance between the pairs of dosimeters i and j, while φ >0 controls the rate of decline of correlation by distance and k (0; 2) controls the amount of spatial smoothing. The parameter κ was fixed to 1, and φ was chosen to get almost zero correlation between any pair of points at the maximum distance (9.32 km) and almost one at the minimum distance (0.10 km) as discussed by Banerjee et al. (2006) . The accuracy of the kriging model was evaluated by a cross-validation procedure (Hastie et al., 2009 ). The normalised root mean square error (NRMSE) was used to describe the quality of predictions by the interpolation method and similarity between the observed and predicted values. All computations were made by Markov Chain Monte Carlo (MCMC) using the WinBUGS software (Lunn et al., 2000) . We ran two independent chains and checks for achieved convergence of the algorithm following Gelman and Rubin (1992) . According to this, convergence was achieved after 5,000 iterations. We decided to run 50,000 iterations and to store the last 20,000 iterations for estimation (Gelman and Rubin, 1992) .
Results
Description of the empirical data
In general, a large geographical heterogeneity in air quality was recorded suggesting complex exposure patterns. Regarding NO 2 , the highest mean levels during the study period were registered in the dosimeters located in the Archi area (dosimeters nos. 11 and 12), being most of the weekly averages over 40 µg/m 3 , and maximums near 60 µg/m 3 (Fig. 2) . Both dosimeters were located near the busy Palermo-Messina highway and the industrial area of Milazzo. The dosimeters located in the inner parts of the region (nos. 10, 18, 20 and 21) and the one of the Capo school (no. 3), which is located in the apical region of the Cape of Milazzo, showed the lowest mean values for the study period due to their location far away from the main sources of pollution.
The registered levels of SO 2 were less stable compared to NO 2 , with concentration peaks >20 µg/m 3 in almost every dosimeter. A maximum peak >100 µg/m 3 was observed in dosimeter no. 2 located in the Piaggia School in the city of Milazzo (Fig. 3) . The highest peaks were registered in the dosimeters located around the industrial area. As expected, the mean value in each dosimeter was highly influenced by several peaks, with large differences between this and the median value ( Table 1 ). If we just consider this latter (the median) as a summary statistic of the background level of SO 2 , a similar pattern to the one of NO 2 was observed, with lower median concentrations registered in the dosimeters located in the inner area (nos. 14, 18 and 20) and the one of the Capo school (no. 3), and higher median levels in those situated in the eastern zone near the industrial area (nos. 11, 12 and 17) (Fig. 3) . It should be considered that the most polluted areas were also the most populated ones, especially the area of the city of Milazzo. The correlation between the NO 2 mean level and the SO 2 median observed value was moderate (Spearman correlation coefficient 0.604 at 95% confidence interval (CI) = 0.233, 0.821). 
Predicted exposure levels at the residential addresses
From the initial sample of children accepting to participate in the study (2,244; 89.5% of all), 1,682 residential addresses were correctly geocoded. The remaining locations were not matched due to missing or incomplete address (n = 550) or they were located outside the study area (n = 12). A mean NO 2 exposure level at residential addresses of 25.78 (standard deviation (SD): ±10.61) µg/m 3 was estimated, with a maximum of 63.43 and a minimum level of 9.56 µg/m 3 . The predicted concentration at home for 273 children (12%) of our study population exceeded the threshold of 40 µg/m 3 established by both Italian and EU laws (DM n.60 02/04/2002 and Directive 1999/30/EC, respectively). For SO 2 , we obtained an average predicted level of 4.10 (SD: ±2.71) µg/m 3 (minimum: 0.61 µg/m 3 ; maximum: 17.05 µg/m 3 ). We obtained a Pearson r correlation coefficient between the predicted levels of both pollutants of 0.646 (95% CI = 0.617, 0.673). The cross-validation process reported a NRMSE for NO 2 and SO 2 of 28% and 25%, respectively.
As shown in Fig. 4 , higher predicted levels of NO 2 were located over the Milazzo city (northwest), the industrial area of the region and along the Palermo- Messina highway. Usually, due to its physical and chemical characteristics, this pollutant seems to be located near its main source and does not travel long distances. The highest predicted levels of SO 2 correspond again to residences located near the city of Milazzo along with the cape and over the industrial area. Since the median observed values were used in the prediction model, the smoothing pattern was more diffuse for this pollutant with slight differences between the predicted levels of SO 2 at each address. Furthermore, one of the main advantages of the kriging approach is that we can also evaluate the level of uncertainty of our prediction by plotting the predicted SD (Fig. 5) . According to the figures, the areas with large imprecision were the least populated zones between Santa Lucia and Gualtieri Sicaminò (south) and the border zones of the Capo peninsula (northwest). Children living in these areas (near the schools nos. 14, 18, and 21 and in the apical zone of the cape) account for the 16% of our study population. Moreover, the Capo area was sampled less intensively since the dosimeters nos. 3 and 4 measured in alternate weeks, i.e. dosimeter 3 registered weeks 1, 3, 5, 7, 9 and 11, while dosimeter no. 4 was active during the remaining weeks.
We observed that children with exposure level of NO 2 above the threshold of 40 µg/m 3 were mostly located near the city of Milazzo and around the industrial area. However, regarding them, the estimations corresponding to the children living in the apical zone of the Milazzo Cape reported a higher uncertainty, with a SD >1.8 (which is the 90 th percentile of the distribution of the estimates' SD). A similar pattern was observed for SO 2 , but only the highest exposure levels (>10 µg/m 3 ) corresponded to the residences in Milazzo city, but not in the industrial area.
Discussion
The present study was aimed at estimating the individual exposure of air pollutants for children living in the high-risk area of Milazzo-Valle del Mela. Observed levels of NO 2 were >20 µg/m 3 and the individual estimated levels of 273 children (12%) exceeded the threshold level (40 µg/m 3 annual mean) established by the Italian and EU laws (DM n.60 02/04/2002 and Directive 1999/30/EC, respectively) . Weekly SO 2 averages >20 µg/m 3 were observed in almost half of the passive dosimeters. Bayesian kriging results showed a strong spatial pattern. In the present study we took advantage of an ad hoc monitoring campaign with passive dosimeters located at each school. This is an advantage with regard to the existing monitoring network in the area because fixed stations are placed in locations where expected pollutant concentrations are high. The use of data from fixed stations would have led to an overestimation of the population exposure. Besides that, we had 21 dosimeters in a region of less than 50 km 2 , i.e. one dosimeter per 4 km 2 , which corresponds to grid cells of roughly 2 × 2 km, a relatively dense network of measurement sites (Briggs, 2005) . These locations were also indirectly driven by population density, which is a better solution with respect to a regular grid for the purpose of the study. Not surprisingly, we obtained a NRMSE of 28% and 25% for NO 2 and SO 2 , respectively.
In the epidemiological analysis weighting by the predictions uncertainty will provide more robust results.
We considered also covariates in our statistical modelling similar to other approaches in the literature. However, these procedures are essentially two-step approaches so uncertainty estimation is difficult to undertake and rarely done (Hoek et al., 2008) . Bayesian geostatistics (Diggle et al., 1998) extend geostatistics to a non-linear function of the spatial Gaussian process and provide more flexible modelling, parameter estimation and sensitivity analysis. In our situation, we used the Bayesian approach to integrate also information from covariates, which cannot be easily handled by standard kriging techniques because of ill-defined design matrices.
We aimed to estimate long-term or cumulative exposure to ambient pollutants, characterising the more exposed residential locations -in fact the observed data were weekly averages. We relied on the fact that the main pollution sources of the area and other elements that could influence the emission, dispersion and distribution of air pollutants (land use, urbanization and climate) were relatively stable in the relevant study period. In other cross-sectional studies in the literature, exposure was assessed by 3-year averages of daily concentrations (Braun-Fahrländer et al., 1997; Akinbami et al., 2010; Penard-Morand et al., 2010; Dong et al., 2011) . Other cohort studies have followed a more accurate procedure of measuring exposure at different times during children's life in relation to lung development (Gauderman et al., 2007) . Hence, despite the high quality and reliability of the observed data, we should be aware of limitations related to the fact that the passive dosimeter approach gave weekly averages and the analyses were purely spatial.
Additionally, regarding SO 2 the median value of the 12-weekly observed concentrations was used in the prediction process. The registered mean levels were highly influenced by some registered peaks that occurred during the campaign period due to local discontinuous pollutant emission sources, which could be not related to the main industrial sources. We preferred not to use the mean estimate, because we wished to control potential measurement error bias by not assigning too much weight to erratic concentration levels. Furthermore, we only studied the effect of ambient levels of NO 2 and SO 2 as markers of the a priori known industrial and traffic air pollution sources in the study area. We did not take into account other pollutants such as particulate matter and ozone, previously associated with respiratory symptoms. Air pollutants are usually highly correlated because most of them share the same source. In our study, the NO 2 and SO 2 levels showed a Pearson correlation coefficient of 0.685. The relatively high correlation between both air pollutants indicates that in this study also NO 2 had a relevant contribution from industrial sources and, moreover, the main sources of air pollutants (the Palermo-Messina highway and the industrial area) are located in the same area). It should be mentioned, however, that the study period comprised only the seasons of winter and early spring, so the possible variation of the ambient levels of both air pollutants and their correlation of air pollutants due to seasonality (i.e. meteorological variables) would not be reflected in the observed exposure levels. This fact should also be taken into account when interpreting the results regarding the children with predicted levels above the NO 2 EU threshold. This value is an annual mean, whereas in our study we just covered the period of winter and early spring. Therefore both levels cannot be directly compared, and the possible derived conclusions should not be accepted without caution.
Geocoding misclassification cannot be excluded, since the accuracy of the procedure based on the GIS software (in particular the road layout) in the study area was not tested. Errors can arise from several factors such as not correctly updated road layout; possible, positional inaccuracy of the streets which could be affected by the source scale as well as digitizing error; or the accuracy of address information may be wrong or limited. A comparison between the initial geocode and the one obtained with global positioning system (GPS) devices could be of interest in order to evaluate the accuracy of the geocoding process applied in this study.
Time-activity patterns were not assessed. Time spent indoors versus outdoors, and in different parts of the city, would affect real exposure experienced by the study subjects. This would include sources of indoor air pollution and may have more variability than measurements from the outdoor monitoring network. Thus, combining data on activity patterns (such as the time an individual spends in each microenvironment) with estimates of exposure would be important in assessing personal exposure.
Conclusion
Bayesian kriging represents a useful tool to provide exposure estimates to ambient pollutants at residential addresses. Moreover, the prediction uncertainty is highly informative and can be used both when designing subsequent campaign and for the improvement of modelling epidemiological associations.
